A novel fingerprint recognition algorithm based on the probabilistic graphical model is proposed in this paper. First, minutiae in query fingerprint are viewed as random variables with the minutiae in template print as the realizations. According to the random variables, a 2-tree model is built by selecting two signal points from the query set. Second, the model is converted into a Junction Tree, and the potentials of the tree nodes are defined according to the intrinsic characters of fingerprint. After that, Junction Tree (J.T.) algorithm is performed to obtain the correspondence of the two sets of minutiae. To deal with many-to-one corresponding problem caused by the outliers, we repeat the process by exchanging two sets. Finally, the similarity of the two fingerprints is evaluated using the number of common matching pairs and the maximal posteriori probability generated by the J.T. algorithm. Experiments performed on databases of FVC2004 achieve the perfect performance.
Introduction
Fingerprint recognition, one of the biometric techniques, receives much attention. It is difficult to design a robust recognition algorithm because of the large deformation and the low quality of the images. In literature, most fingerprint matching algorithms could be classified into two families, appearance-based algorithm and feature-based algorithm. Appearance-based algorithms align two fingerprints first and calculate the correlation between corresponding pixels to get the similarity score. These methods do not consider the intrinsic topological structures of the fingerprint, and cost much time. In comparison, feature based algorithm have caught more interests since they make use of the rich intrinsic characters of prints. Specifically, minutiae, the most widely used features, are utilized to describe the local frame of prints by forming different structures, as the triangle structure [1] , the polygon structure [2] and others. Feature vectors are then extracted and the correspondence of minutiae sets is identified.
Since minutiae matching is considered as a special point-set matching, point-set matching algorithms have been extensively studied. There are several types of approaches, such as relaxation methods [3] and spectral approaches [4] . These methods commonly use a complete data model and all the available information which could lead to high calculation complexity. Recently, probabilistic graphical model based point-set matching method [5] has been presented and assured to be optimal in the maximum posteriori sense and have polynomial time dependency on the point set sizes. However, this method is susceptible to the effect of outliers and has a hypothesis that the number of two sets is equal. To deal with the problem, Zhao [6] proposed an algorithm to generate the graphical model and choose "signal points", which dynamically have corresponding points in other point set.
Before extending the point-set matching method to fingerprint matching, we need do some modifications. Considering that there are many outliers in fingerprint influencing the inference of model, the signal points must be chosen and can be obtained by finding the minutiae with the maximal starstructure similarity; In addition due to the additional orientation information associated with minutia and the special structures of fingerprint, we define a new potential in the model using minutiae similarity. After that, a novel fingerprint matching algorithm based on the graphical model is proposed.
Previous Work
Point-set matching is a problem to obtain a correspondence from one set to another with the maximal probability. Probabilistic graphical model has been applied to point-set matching studies [5] [6] . This section presents the relationship between the point-set matching and the graphical model.
Graphical model
Ref. [5] presents a probabilistic graphical model for point set matching. Given two point sets Q and T with the number |Q| and |T|, the points in Q are treated as random variables assuming |T| possible instances in T. Then we associate the random variables to the vertices in graph , and the dependency between two random variables is regarded as an edge attribute. In this formulation, point pattern matching turns out to be a attributed graph matching problem. The aim of pointset matching is to find the most likely realization of the set of random variables with the maximum probability and in graph theory it means the inference of a graphical model which is a method of global optimality.
Ref. [5] has proved that if the graph is globally rigid, a -tree, which arises from a complete subgraph with vertices and all the other vertices only adjacent to each vertex of the subgraph, has exactly the same information content as a fully connected graph. In this case the graphical model is reduced to atree model and therefore the probabilistic inference is feasible in polynomial time. Fig.1 shows a 2-tree model which is arisen from a 2-vertex subgraph, , .
Junction Tree algorithm
Junction Tree emerged from the considerations that shift the problem from the process of inference of a graphical model to the data structures and it provided one special data structure [7] .
A Junction Tree, both clique nodes and separator nodes of which are endowed with "potentials", can be obtained from a -tree model. A clique of J.T. which contains k+1 elements represents a maximal complete subgraph in -tree model and a separator which comprises the vertices of the -tree model is seen as a message passing container connecting two cliques. Ref. [6] proves that the elements in separators must be "signal" points, which have corresponding points in pointset matching, or else messages cannot pass from one clique to another. Fig.2 gives one Junction Tree evolved from the model in Fig.1 . Fig. 1 . an example of a -tree model with k = 2 J.T. algorithm is run to accomplish inference of the -tree model and Hugin algorithm as an instance of J.T. framework is applied. Hugin algorithm works in two steps: initialization and message-passing [5] . After applying the J.T. algorithm, the corresponding relationship of elements in each node can be gained by searching the maximum values in potential matrix and the indices of the value denote the result.
Fingerprint Recognition Algorithm Based On Graphical Model
In this section, we will propose a minutiae-based fingerprint matching algorithm using probabilistic graphical model. First, minutiae in query fingerprint are treated as random variables. Then a graphical model is built and a J.T. is developed based on it. After that, Hugin algorithm is performed and the correspondence between the two minutiae set is gained. Finally, the similarity score is evaluated.
Fingerprint matching is currently facing a significant problem that there are many missing or fake minutiae. These outliers could strongly influence the efficiency of J.T. algorithm once they are selected as the vertices in -tree model [6] . As a result, it is essential to choose the "signal" points as the vertices.
The first step in Hugin algorithm is to initialize the potential of each node in J.T. In point-set matching, the potential is defined in (1) in Ref. [5] , which is however not suitable for fingerprint matching because of the speciality of minutiae. Giving a new definition of the potential is thus necessary and urgent.
Signal points selection
Due to the significance of the signal points in graphical model, the signal points are required not to be outliers in query print, which means they should have matched points in template print [6] . Considering the computation complexity, we only select two signal points to build a 2-tree model (Fig.1) , which is converted to a Junction Tree (Fig.2) . Each separator of the J.T. is made up of two signal minutiae and each clique contains the two signal ones and one other minutia.
To choose the two signal minutiae from the query fingerprint, local matching based on star structures of minutiae is performed. Star structure is a local structure with one central minutia and its neighbors in a certain range. A linear transform invariant feature vector of the star structure is defined as follow:
where represents the central point, represents the neighbor of it, is the linear transform invariant feature of and , and it is composed of , and denotes the Euclidean distance between the two minutiae, denotes the relative radial angle between the directions of the two minutiae and denotes the relative radial angle between the directions of minutia and vector , as shown in Fig.3 . To evaluate the similarity between two star structures, we need to deal with the problem of different length of two structure vectors because different star structures have uncertain number of neighbors in a certain range. Ref. [8] utilized a dynamic programming algorithm to find n corresponding neighbors of two structures. And the similarity between two feature vectors and is defined as
where n represents the matched neighbor number, and denotes the similarity of the corresponding elements between these two structures, which is defined as
where the threshold is used to remove the impossible matching pairs and with is a weight vector used to adjust the influence of each element of the descriptor. After this, brute-force searching is carried out to obtain the corresponding minutiae pairs.
Potential definition
Junction Tree algorithm will be performed when the potentials of the nodes in Junction-Tree model (Fig.1) have been defined. In Ref. [5] , potential of separator in Junction-Tree model is set to unity, and the potential of clique is assemble as an element-by-element product of the pairwise potentials, as the pairwise potentials are defined in [5] . Because potential of clique could be seen as the similarity of its three elements with any three points chosen from other point set, it can be defined in an appropriate way in fingerprint. Supposing that there are three points in one clique where are the signal points, we define the potential of points when the realizations of them associate to three points in other set:
Where , are constant number. The relationship of any there elements in one set is shown in Fig.4 . 
Fingerprint matching algorithm
By performing the Junction Tree algorithm, the corresponding relationship from the query fingerprint to the template is gained, however, it is a many-to-one correspondence for the outliers are also assigned with matched points. To overcome this problem, bi-mapping is performed [6] . The common matches in both the query-to-template matching and the template-to-query matching are the final corresponding.
The J.T. algorithm not gives the corresponding results, but provides the maximal posteriori probability of the matching. Both of them are used to evaluate the similarity of two fingerprints, The score is designed as:
Where the number of the common matched pairs calculated by bi-mapping is , the numbers of two minutiae sets are respectively, the maximal posteriori probabilities of two mapping is ,
Experimental Results
Experiments are performed on databases of FVC2004, each database contains 800 images which are captured from 100 different fingers with 8 prints per finger. The databases have been proved to be difficult for varied matching algorithms for the low quality and large transformations of the fingerprints. We use the standard evaluation indicators of FVC to evaluate the method: EER (Equal Error Rate).
Meanwhile, we conducted the contrast experiment, which is an improved thin-plate spline(TPS) model algorithm combining both the location and orientation information of minutiae proposed by Chen et.al [9] . As illustrated in the Tab.1, our algorithm(G.M.) has better accuracy than Chen algorithm(TPS) [9] . This is due to the limitation of the TPS model to exclude the imposter pairs in the global matching. 
Conclusions
In the paper, a fingerprint matching algorithm based on graphical model is proposed. First, minutiae matching is converted to graph matching. Minutiae make up of the vertices and the similarity of minutiae pair as the probability feature is associated with the edge attribution. Because of the importance of the signal points, we conduct the local matching to obtain them and build a 2-tree model based on the two signal points. Then, the 2-tree model is transformed into a J.T. and J.T. algorithm is performed to get the corresponding relationship. According to the speciality of fingerprint, the potentials of J.T. nodes are redefined. The process is repeated by exchanging two minutiae set and the common matching pairs are the results. The similarity of two sets is measured with the final matched number and the maximal probabilities generated by J.T. algorithm. Evaluations on FVC2004 show that the algorithm is effective.
